Finally, an upward trend in NDVI time-series was observed during the period studied and successfully validated with ancillary historical data of crop production area.
INTRODUCTION
The study on temporal trends in vegetation and rainfall for large regions has been crucial for analyzing the effects of climate variations at different spatial and temporal scales (Vicente-Serrano et al., 2006a) . This has been possible since the launch of satellite sensors which cover large spatial extensions with great temporal detail. An index widely used for quantitative monitoring of vegetation is the NDVI. Photosynthetic activity and, consequently, the vegetation density is positively correlated with this index which was originally proposed by Rouse et al. (1973) and has been tested in a number of studies using NDVI time-series data. The index *Corresponding author. E-mail: lilianaragon@gmail.com.
highlights the characterization of changes in vegetation associated with phenology and climate (Anyamba and Tucker, 2005; Vicente-Serrano et al., 2006a, b; Verbesselt et al., 2010) , annual monitoring of change (Lasaponara, 2006; Lunetta et al., 2006) , phenology of vegetation (Salinas-Zavala et al., 2002; Bajocco et al., 2010) and monitoring of rainfall (Immerzeel et al., 2009 ; Kileshye and Taigbenu, 2009) (1 km spatial resolution) launched and managed by a team from European countries.
With the launch of EOS-AM1 and EOS-PM1 satellites (in 1999), named respectively Aqua and Terra, the NASA, in a multinational collaborative effort, expanded the horizons of spatiotemporal monitoring for large regions, installing the MODIS sensor in both satellites (36 spectral bands) which incorporated an improved spatial resolution of 1000 m (29 bands), 500 m (5 bands) and 250 m (2 bands). Currently, the MODIS sensor offers a variety of imagery products suitable for use in a variety of scientific applications; for example the reflectance of different bands of visible and infrared emissivity (temperature and hot spots) as well as geospatial layers including leaf area index, net primary productivity, type of coverage, among others (NASA, 2009) . One of the highest radiometric quality MODIS products is the nadirbidirectional adjusted reflectance (NBAR). NBAR is given for seven channels ranging from visible to infrared spectrum and is identifiable with the key MCD43A4 (Opazo and Chuvieco, 2007; Gallaun et al., 2009; Bhaduri et al., 2010) . In this sense, the objectives of this study were: 1) to construct a NDVI-time-series with the MODIS combined product MCD43A4 (500 m spatial resolution) during the period of 2000 to 2010, 2) to relate it to the annual rainfall of the last decade in San Luis Potosi, Mexico and to validate it with ancillary historical information of crop production area.
MATERIALS AND METHODS
The study was conducted in San Luis Potosi, a state located in the north-central Mexico covering an area of 6' 116, 360.9 ha. It is between 21° 07' N to 24° 22' N and 98° 20' W and 102° 17' W. The state is at the upper limit of the tropics (23° 27' N, Figure 1 ) and has a variety of landscapes and vegetation conditions, which can be understood by analyzing the biogeographical zones: 1) Altiplano, 2) Centro, 3) Media and 4) Huasteca. Ecosystem distribution is due to orographic conformation, distribution patterns of rainfall coming from the Gulf of Mexico and inverse relationship between temperature and altitude featured at these geographical latitudes. Both the wet winds that blow into the Sierra Madre Oriental (Centro and Huasteca) and the altitudinal gradient, foster growth of tropical and temperate vegetation (forests) while drier winds blowing intra continent cause a progressive change into arid and desert vegetation. MCD43A4 is a MODIS combined product built with both Aqua and Terra satellites data and was selected for this research. It contains values of reflectance (ρ) adjusted to nadir (NBAR) by a bidirectional distribution function. MCD43A4 integrates data taken over periods of 16 days to minimize the presence of clouds and is atmospherically corrected. It is 500 m spatial resolution of 500 m and 7 bands spectral resolution distributed in the following wavelengths: 1) Red (620 to 670 nm), 2) near infrared (841 to 876 nm), 3) blue (459 to 479 nm), 4) green (545 to 565 nm), 5) middle infrared 1 (1230 to 1250 nm), 6) middle infrared 2 (1628 to 1652 nm), 7) middle infrared 3 (2105 to 2155 nm) (Bhaduri et al., 2010) .
For this work, spectral data for an 11-years period from 2000 (39 images per year) to 2010 (45 images per year in 10 years) were used; imagery was obtained from the interface MODIS Reprojection tool (MRTWeb) (http://lpdaac.usgs.gov/datapool/datapool.asp) (Daucsavage et al., 2010) for the extreme coordinates of the area of interest and were reprojected to UTM-14N, datum WGS84. The methodology used for monitoring vegetation was divided into three phases (Figure 2) . In phase 1, the NDVI = (ρ red + ρ near infrared )/(ρ red + ρ near infrared ) was calculated (Equation 1), where ρ red = red reflectance and ρ near infrared = near infrared reflectance (Rouse et al., 1973) . In phase 2, NDVI images were fused by the maximum value composite (MVC) algorithm in one image per year (Holben, 1986 , Hernández-Leal, 2005 . This method captured the intra-annual temporal variability of vegetation in a single image and minimized the residual presence of clouds or haze on the assumption that a high NDVI value corresponded to a pixel covered by vegetation. In phase 3, PCA was applied to annual time-series. This method fused the annual imagery into a set of new images (component) that captured the temporal variability of the time-series. Principal component analysis is a linear transformation which decorrelates multivariate data by translating and/or rotating the axes of the original feature space so that the data can be represented without correlation in a new component space (Lasaponara et al., 2006) . To determine changes, PC 2 was reclassified using the standard deviation of the mean (Maldonado et al., 2000) . For this work, PC 2 was divided into five classes: 1) highly probable decrease -(3 to 4σ), 2) decrease unlikely -(1 to 2σ), 3) no change (), 4) increase unlikely (1 to 2σ) and 5) increase highly probable (3 to 4σ). Time-series processing was performed in the IDRISI software (Eastman, 2003) . To analyze the relationship of NDVI-rainfall, data were obtained from 54 selected stations from the Meteorological Observatory Network distributed through the state of San Luis Potosi, Mexico, administered by the National Water Commission (CNA) in Mexico. Rainfall data for the year 2010 were not included into the analysis because they were still in processing stage by CNA.
The correlation was carried out in two ways: 1) total annual rainfall and maximum NDVI recorded as an indicator of vegetation response to rainfall and 2) comparison of average annual rainfall and average annual NDVI. NDVI time-series (2000 to 2010) was plotted using the average value for the pixels with no clouds. They were determined using a Boolean mask constructed with all 489 images. Subsequently, a linear regression model was fitted between the minimum yearly NDVI and time, in order to document the temporal trend of the NDVI time-series and if possible, to forecast probable future minimum values of NDVI and then, to estimate rainfall with an exponential model determined by regression between NDVI-rainfall values (Immerzeel et al., 2009 
RESULTS
In Figure 3 , the spatiotemporal trend in annual maximum NDVI for the study area is shown; particularly in the lower graph of the figure, three years in which the NDVI differs considerably from the overall average (0.57) can be observed The same figure shows that PC 2 gathered 1.8% of the total variance of the time-series which can be attributable to change. Thus, a similar behavior was observed for the annual loadings of PC 2 ( Figure 5B ) against the annual NDVI profile of Figure 3 which was evaluated by a significant Pearson correlation (r = 0.83). In both graphs, the years when changes occurred in the time-series were 2008 (PC 2 loading = 0.27) and 2000 to 2001 (PC 2 loading = -0.21). Interestingly, the negative correlation between PC 2 and 2001 must be inversely interpreted. Interannual variations of maximum NDVI can be properly related to annual rainfall as moisture determines the production of biomass for a growing season. In Figure 6 (2000) of the time series agreed in terms of low harvested area (428399 ha, 60.27%). It explains the close link between NDVI and rainfall estimations as a proxy for estimating crop production. In Figure 9 , one can observe the temporal behavior of average NDVI for each of the 489 images used for the study area. Each section on the x-axis represents a year of analysis. Throughout the timeseries, there is a significant (r = 0.75, p < 0.01) temporal increasing NDVI trend during the period of 2000 to 2010. In order not to overestimate NDVI trend, the minimum NDVI value per year was used to construct a linear regression based on time as follows (Equation 2): y = 0.146625 + 0.00012921x, where y = minimum yearly NDVI at time x and x = number of image related to the time-series starting at the year 2000. In Figure 10 , a zoom into the annual NDVI time-series made it possible to detect vegetation phenology. A consistent decline in NDVI during the dry season becoming more intense in late May (Julian day 150) is observed until the rainy season starts (approximately June to July). NDVI increases except for short dry intra-summer periods (heat wave) where its effects are most evident in the vegetation foliage.
Finally, NDVI reaches its maximum value usually in late September (Julian day 270) and starts decreasing continuously until the dry season of the following year. 
DISCUSSION
This paper has proposed an approach for modeling NDVI hyper-temporal data obtained from MODIS combined product (MCD43A4) acquired from Aqua/Terra satellites and applied it to a case study in the natural vegetation in San Luis Potosi, Mexico. MCD43A4 represents an excellent hyper-temporal satellite product for accurately mapping large areas to monitor drought and start of rainy season at 500 m spatial resolution. Most papers reported in literature employ other satellite sensors working at 8 or 1 km spatial resolution (Anyamba and Tucker, 2005; Lasaponara, 2006; Vicente-Serrano et al., 2006a, b; Immerzeel et al., 2009; Kileshye and Taigbenu, 2009; Bajocco et al., 2010) ; so, using this MODIS product improves greatly the spatial detail because of its goodquality radiometric spectral product that is NBAR using a BRDF. Other studies of time-series using PCA reveal could capture almost all temporal variability of the 4 years time-series into the first principal component. Besides, he works with a lesser spatial extent than us (2.5 million ha) and a 1 km spatial resolution. In our study, an 11-years time series was analyzed with greater spatial extend (6.1 million ha) and a higher spatial resolution (500 m). Further, he assumes PC 2 can be attributed to the change observed in NDVI time-series and linked it directly to changes in vegetation, in both natural or man-induced degradation and recovery of vegetation.
Changes detected in the third and fourth principal component were associated with the vegetation response to climatic factors such as rainfall. Vicente-Serrano et al.
(2006) present a long term study (1982 to 2001) based on NDVI time-series data in Siberia region; variance captured by PC"s is still smaller (PC 1  20%, PC 2  15%, PC 3  10% and so on) than us because they employed a largest time-series dataset (20 years), being more difficult for PCA to absorb temporal variability in few principal components. These comparisons indicate that temporal extent of the dataset determines the amount of variance captured by initial principal components. In the case of this study and, given the temporal extent of the timeseries (11 years, 500 m spatial resolution), we thought it would be risky to associate variations in the NDVI to annual land use change (degradation-recovery). Although, interpretation of change is possible, an algorithm for time-series filtering must be first applied to leave only the sharp changes that could be considered a change in land use (Lunetta et al., 2006) . Thus, in this work, change was only interpreted as the vegetation response to rainfall. Inter-annual variations of maximum NDVI can be properly related to annual rainfall as moisture determines the production of biomass for a growing season. Anyamba and Tucker explores vegetation dynamics using NDVI time-series (1981 to 2003: 23 years) data acquired from NOAA AVHRR (1 km spatial resolution) in the Sahelian region, a transversal ecoregion between Sahara desert and Tropical Central Africa. They observe two trends in rainfall patterns thus in vegetation recovery.
First, a dry period is highlighted during 1982 to 1985; after that, a wet period is also detected during 1994 to 2003. These evidences of rainfall periods are out of our period of time, but they are still comparable with us in terms of methodology. They also find a high correlation (r = 0.78) between NDVI time series and rainfall data. Kileshye and Taigbenu (2009) conduct an interesting research to relate rainfall with NDVI time series data (1 km spatial resolution) at watershed scale in a monthly fashion. They attain a maximum Pearson correlation between annual rainfall and NDVI of 0.39. This confirms the validity of our correlations that ranged from 0.59 to 0.87 with a global value of 0.76. Immerzeel et al. (2009) (2009) who affirms that, based on meteorological studies conducted in Mexico by analyzing rainfall data from the ERIC III database and information from the CNA, the average rainfall in 2020 for San Luis Potosi, Mexico will increase by 21.6 and 33.5% compared to 2008. However, there are opposite forecasts on future rainfall trends for Mexico. SEMARNAT and INE (2009) indicate that rainfall will decrease (5%) throughout the country for the year 2020, especially in those areas where arid conditions exist and vice versa. They arrived to this conclusion because analyze statistically direct precipitation measurements from meteorological observatories located in entire Mexico. Although, they also accept that their rainfall forecasts are still subject to uncertainty because in some locations there were evidences of increase. Our study can be also used as a temporally-consistent evidence of increase based on a NDVI time-series dataset gauged the last eleven years (2000 to 2010). Additionally, our NDVI-rainfall trend was successfully validated using historical data related with sown and harvested area in the study area giving more robustness to our outcomes.
Considering our results, increasing rainfall events could foster both positive and negative consequences varying according to biogeographical zone of San Luis Potosi, Mexico. For the arid zone, a rainfall increase could stimulate better environmental moisture conditions to farmers; although some rains in a downpour fashion could trigger erosion processes leading to soil degradation and finally desertification. For temperate mountainous regions, an increase in rainfall could bring potentially further social consequences to people because access to distant towns will become more difficult and flooding problems on the coastal plain could spark losses in agriculture oftentimes. By other hand, start of rainy season (late May) was possible to detect into NDVI time-series. Ozdogan (2010) also finds similar results in a red-infrared time-series study to monitor wheat crop in Turkey and other two locations in United States. He states that rainy season normally started after Julian day 140, highly seemed with our results. It also agrees with local sowing date in the Central region of Mexico which typically starts at the beginning of June especially because select crops depend on seasonal rainfall to grow that is rainfed agriculture. Brown and De Beurs (2008) present an interesting approach to map start of rainy season based on a multi sensor perspective with three spatial resolutions (2, 4 and 8 km) in West African Sahel. They find that start of rainy season is spatiotemporal variable and increases as pixel becomes near Sahara desert. Mexico"s ecosystems particularly those located in San Luis Potosi have arid as well as tropical conditions, thus further research can include applications of NDVI time-series to determine by per-pixel basis, the start-end of rains for agricultural planning purposes. A close relationship between climatic, satellite and crop production variables are documented in this study; it makes the ability to understand how remotely-sensed measurements can be used to effectively and efficiently monitor crop production and hence to be a famine early warning system, especially for those world regions more vulnerable to food insecurity (Anyamba and Tucker, 2005; Brown and De Beurs, 2008; Kileshye and Taigbenu, 2009) . While the method applied in this study has gathered a regional scale analysis of NDVI-rainfall trend, at a local scale, it is valuable to attempt additional detailed studies to examine vegetation dynamics using Landsat or SPOT time-series data especially for the arid region in order to explore intraannual vegetation variability among wet/dry years.
Conclusion
The interannual variation of vegetation associated with changes in rainfall was successfully monitored by the NDVI time-series obtained with MCD43A4 MODIS combined product for the period of 2000 to 2010. The effect of rainfall on vegetation can be clearly observed in the patterns of NDVI obtained for each year. Changes in the time-series were captured properly by the PC 2 , so both dry and wet years were detected. The driest year detected in the time-series analysis was 2000 with an average maximum NDVI of 0.45 and a total mean rainfall value of 497 mm. While the wettest year was 2008 with mean values of maximum NDVI and total rainfall were 0.60 and 817 mm, respectively. This study reveals an interesting upward NDVI-rainfall trend during the study period. Simulation with a linear model indicates that, rainfall will increase by 19.09% (2020) and 41.83% (2030) respect to 2010 rainfall estimations in San Luis Potosi, Mexico. Despite of being apparently controversial with other discussed studies, this temporal NDVI-rainfall trend could be successfully validated when statistically compared with historical records of harvested area for San Luis Potosi, Mexico (2000 Mexico ( to 2009 . Hence, we could confirm the potential of MCD43A4 spectral data for monitoring studies of inter and intra-annual variations on vegetation starting from the year 2000 (Aqua-Terra launched in late 1999) at an improved spatial scale of 500 m.
The NDVI obtained from MODIS combined product can be used as an indirect method for monitoring historical rainfall, as a source of information for environmental applications modeling especially in several regions of the world that do not have an operational network of weather stations.
